Abstract: This paper examines the effect of being out of work, which is in a broader category of unemployment, on the physical and mental health of younger Japanese men using panel data. A fixed effects model, widely used to control for unobserved individual heterogeneity in panel data analysis, was used for this analysis. Using the first through the fifth waves of the Japanese Life Course Panel Survey, the first wave of which was conducted with people aged 20-40 yrs in 2007, it is found that being out of work has no observable effect on self-assessed physical health. However, being out of work has a negative effect on mental health as measured by the five-item version of the Mental Health Inventory. It is difficult to clearly distinguish the direction of causality even after controlling for individual heterogeneity that is constant over time. An analysis was done with a sub-sample to mitigate a possible reverse causality. The results consistently show that being out of work has a negative effect on mental health.
Introduction
In Japan, the issue of unemployment has not drawn much public attention until recently, because the unemployment rate in Japan has not been as high as in the other OECD countries. However, it rose gradually during the depression that lasted for about ten years starting in the early 1990s, reaching 5% for the first time in 2001. It rose to 5.5% in 2002 and 2003 . Although the unemployment rate showed some improvement, decreasing to 3.9% in 2007, it rose again to 5.4% in 2010 after the economic slowdown, triggered by the Lehman Shock in the autumn of 2008. Looking at the unemployment rate in 2010 by age group, we can see that it reaches about 4.0% in 40-54 yr-old and rises to 10.3% in 20-24 yr-old. Unemployment seems to be becoming a serious problem among the youth in Japan even if the rate is still lower than that in some European countries 1) . Further, one of the most prominent features of unemployment in Japan is the high frequency of long-term unemployment (lasting for 12 months or more) 2) , often because the Japanese employment system has historically lacked flexibility. The process by which drastic changes in the labor market affect the health of the working population, especially those who have lost their jobs, has not yet been examined in detail. Does losing one's job drastically reduce one's physical or mental health, and if so, to what extent? In Japan, a long-time social norm has dictated that people obtain a job immediately following graduation from school, a job they often must commit themselves to for their entire lives 3) . In such a society, the effect of being unemployed on health could be much larger than in countries where the labor market is more flexible.
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Industrial Health 2013, 51, [514] [515] [516] [517] [518] [519] [520] [521] [522] [523] Original Article most serious social problems among European countries, there is a considerable body of research examining the relationship between unemployment and health. While the negative correlation between unemployment and health is well known [4] [5] [6] , it is also true that those who suffer from ill health are more likely to be unemployed. This is known as a self-selection bias. In order to cope with this bias, analyses using panel data are useful because they extract the individual effects that are constant across time. Using the European Community Household Panel for Finland for the period between 1996 and 2001, Böckerman and Ilmakunnas 7) examined the relationship between unemployment and self-assessed health. Although cross-sectional analyses show that unemployment is strongly correlated with poor self-assessed health, panel analyses show that being unemployed has no effect on self-assessed health. This could mean that persons with poor health tend to be more likely among the unemployed. However, even if the panel data analyses remove the effects that are constant over time, there are still time variant factors that simultaneously affect both employment status and health. Recently, several studies have utilized exogenous entries into unemployment-that is, unemployment caused by plant closures or business closings 8) . Below are some recent findings in economics that utilize plant closure as an instrument for illustrating the causal effect of unemployment on health. Browning and his colleagues 9) investigated whether job loss as a result of displacement can increase the likelihood of hospitalization due to stress-related diseases, using a random 10% sample of the male population of Denmark from 1981 to 1999. They found that job loss was not related to increased hospitalization due to stress-related diseases. Regarding the effect of unemployment among the near-elderly population, an analysis using the Health and Retirement Study in the US found no causal effect of job loss on various measures of physical and mental health after controlling for possible reverse causality 10) . From a labor economist perspective, Cai 11) used a simultaneous equation model to estimate the effect of employment status on health and the effect of health on employment status. He found that being in the labor force negatively affected health in men, but health affected labor force participation for both men and women.
As far as mental health is concerned, there is substantial literature on psychology. Goldman-Mellor and colleagues 12) conducted an extensive literature review on the relationship between individual job loss and mental health, as well as that between macroeconomic conditions and population level indicators of mental health. In the field of economics, Schmitz 13) used the German Socio-Economic Panel and found that unemployment caused by plant closure did not have a statistically significant influence on mental health. Using the Household, Income and Labour Dynamics in Australia (HILDA), Green 14) concluded that unemployment in general has a negative impact on mental health and subjective life satisfaction. It was also found that an individual's employability moderates that impact. This study examines the effect of "being out of work," which is in a broader category of unemployment, on health by using Japanese micro-data. In particular, it focuses on the effects on the physical and mental health of younger male workers (20-40 yr old, as of 2007) and copes with individual heterogeneity by using a fixed effects model analysis. The author also conducts analyses using a sub-sample in order to mitigate the problem of reverse causality (i.e., that health determines employment status or motivation for a job search). Because women's labor force participation in Japan is strongly related to their marital status, the spousal tax deduction they receive from their husbands' income 15) , whether they have children 16) , and whether they are co-residing with their parents after marriage 17) , it is more difficult to distinguish the effects specifically related to employment status in women. Therefore, this study focuses on the effect of being out of work on men.
Subjects and Methods

Data
The Japanese Life Course Panel Surveys (JLPS) carried out by the University of Tokyo Institute of Social Science was used for the analysis. The first wave of JLPS was conducted from January to April 2007. It consists of two panels, one with young adults (20-34 yr old) and the other with middle-aged adults (35-40 yr old). In conducting the JLPS 2007, a stratified random sampling method was adopted using the electoral and resident registries. The population was first stratified by age group and sex in order for the sample to equally represent each age group by sex. The questionnaire was distributed by mail. For the youth survey, 3,367 responses were obtained (response rate: 34.5%), and for the middle-aged survey, 1,433 responses (response rate: 40.4%). Follow-up surveys were conducted each subsequent year. So far, six waves of the survey have been completed.
The survey is designed to investigate how lifestyles and ways of thinking among the Japanese working population Industrial Health 2013, 51, 514-523 are changing according to the ever evolving labor market structure and the rapidly aging society. It consists of a wide range of questions regarding respondents' work, life, attitudes, and socioeconomic status. In addition, the JLPS asks respondents to report their self-assessed health, psychological condition, and employment status each year. Consequently, the author employed five waves (2007) (2008) (2009) (2010) (2011) of the JLPS for the present study. The youth survey and the middle-aged survey were utilized altogether, but students were excluded from the sample.
Outcome measures
Self-assessed health Self-assessed health and diagnosis or hospitalizations for stress-related diseases are major outcome measures in the literature that has examined the effect of unemployment. The JLPS asks respondents about their health condition in every wave, using the following question: "How would you rate your current health condition?" The possible answers are 1 ("very good"), 2 ("good), 3 ("general), 4 ("not very good"), and 5 ("bad"). Although the original answers were coded such that lower scores indicated better health, they were recoded so that higher scores indicated better health. Consequently, the scores range from one to five, with five indicating very good health.
Psychological distress
The index for mental health used in this paper is the total score from the five-item version of the Mental Health Inventory (MHI-5). The MHI-5 was proposed as a measure of mental health among the general population by Veit and Ware 18) . This scale is thought to be useful for detecting the symptoms of depression, anxiety, and other emotional disorders. In addition, research has shown that the MHI-5 is a useful measure for depression screening compared with other measures 19) . The validity of the Japanese version of the MHI-5 was demonstrated by Yamazaki and colleagues 20) . The actual items asked in the JLPS are as follows: How often did you feel the following in the past month? Quite nervous Deeply depressed Feeling calm and quiet Feeling melancholic Feeling pleasant Answers range from one to five. Each answer was coded such that higher scores indicate better mental condition. The raw scores for each person could range from 5 to 25. Each raw score was transformed to a 0 to 100 scale using the following formula.
Scores between 0 to 100 represent the percentage of the total possible score achieved 21) . The internal consistency index was calculated. It is 0.776 and, therefore, plausible to use. Ware et al. 21) recommends that if respondents leave one or more items in a multi-items scale blank, it should be estimated. In the JLPS, every item is filled out in a scale. Therefore, there was no such issue in this study.
Explanatory variables
The key explanatory variable in this study is "being out of work," which indicates that the respondent is in a state of not working, regardless of whether they are searching for a job. Recent research on the effect of unemployment utilizes exogenous job loss to identify the causal effect of unemployment. In labor economics, people who do not work but are searching for a job are defined as "unemployed." Thus, when we examine the causal effect of unemployment, the key explanatory variable should be strictly defined as "unemployed." However, in the present study, the author examines the effect of being out of work for two reasons.
The first reason pertains to the age of the respondents. Among men aged 20 to 40, it is not common for them to be out of the labor force due to retirement. If those who have given up their job search because of long-term unemployment are excluded, the effect of unemployment could be underestimated. However, the reverse causality, which is that people are out of the labor force because of health problems, could be serious. The strategy to deal with this problem is presented in a later section. The second and minor reason for the use of "being out of work" is related to the sample size. The percentage of non-working people in the sample was very small. If only those who are "unemployed" were of concern in an estimation procedure, then variation within the group should be small for sound analyses. Therefore, those who are not searching for a job are included in the targeted group.
Other explanatory variables included in the models are age, age squared, education, marital status, and four year dummy variables. The variable age squared is included because the author assumes the effect of age is not merely linear. The models are estimated with and without household income per capita. Model 1, which included household income per capita as an explanatory variable, estimates the effect of being out of work on health after controlling for income loss. The main reason for using household income per capita instead of using the equivalent disposable income is that disposable income is not available in the data set. The reason why the author uses the actual number of household members as a denominator is because it reflects changes in household income more directly than the equivalent household members. Model 2, which does not include household income per capita, estimates the effect of being out of work on health after incorporating the effect of income loss.
Statistical methods
First, a pooled ordinary least square (OLS) analysis is used to examine the relationship between employment status and health. Since self-assessed health is not a continuous variable, using a non-linear functional form such as the ordered logit model might be ideal. However, the main focus of this research is using a panel method, and it is important to compare the results between a pooled analysis and a panel analysis. Since the algorithm estimating a fixed effect ordered logit model is beyond the scope of this journal, the author used a linear specification.
As stated before, individuals who suffer from ill health might tend to be unemployed, while it might also be true that losing their job affects their health. That is, the results from the pooled OLS analysis suffer from a self-selection bias. In order to address this bias, we used panel data, since they can be used to extract the individual-specific effects that are constant over time.
Panel data analysis
The foremost benefit of using panel data is that it allows one to control for individual heterogeneity [22] [23] [24] .
Panel data suggest that individuals are heterogeneous. Therefore, a cross-sectional study that does not control for this heterogeneity runs the risk of obtaining biased results. When health is modeled as a function of age, income, and employment status, it becomes susceptible to the influence of other variables that are difficult to measure or obtain. The omission of these variables could lead to bias in the resulting estimates. Panel data are able to control for these time-invariant variables, whereas a cross-sectional study cannot 24) . Another benefit of using panel data is that they are better able to measure the response dynamics to a certain shock. They are also better able to identify and measure effects that are simply not detectable in pure cross-sectional data 24) . Thus, in examining the effects of employment status, a panel analysis is superior overall to a cross-sectional analysis.
Fixed effects versus random effects models Within the framework of panel data analysis, there is still a debate over fixed effects versus random effects models. The random effects model assumes exogeneity of all regressors with random individual effects. In contrast, the fixed effects model allows for endogeneity of all regressors with fixed individual effects 25) . In other words, the fixed effects model assumes that an unobserved individual effect correlates with every explanatory variable. In a case where the outcome variable is health, it is reasonable to think that the explanatory variables are correlated with several of unobserved individual effects. Therefore, a fixed effect model is assumed; however, another statistical test could have been more reliable. Thus, the author conducts the Houseman 26) test to decide which model is more appropriate 27) . StataSE 12 is used for the estimation. Within regression estimator and GLS estimator are employed in the fixed effect model and the random effect model, respectively.
Two other tests are conducted to determine which model is most appropriate. To examine whether a pooled model is more suitable than a random effects model, the author performs the Breusch and Pagan tests. Finally, an F-test is used to examine whether the pooled model is more suitable than the fixed effects model.
Analysis with a sub-sample
When we consider the effect of unemployment on health, reverse causality is a concern. Therefore, recent research conducted in Europe and the US used plant or business closures as a more ecologically valid experiment to distinguish the causal effects of unemployment on health. However, the individual level panel data in Japan do not include information on employers. Therefore, the present research conducted an analysis using a sub-sample, which excludes individuals who had always or often been restricted from housework or their job due to health problems. By doing so, the samples that would show strong reverse causality are excluded (i.e., that their health affects their work).
Results
The descriptive statistics of the sample are provided in 28) . This implies that the sample of JLPS is relatively more educated. Because many cases lack information on household income, the final sample size of people with household information is 5,489; if those who had not pro- vided income information are included, the sample size is 7,315. There is a clear difference in health between the employed and the being out of work. The average self-assessed health is 2.8 and 3.4 among the being out of work and the employed, respectively. A prominent difference in mental health scores is also observed. The average MHI-5 scores are 62.9 and 50.8 among the employed and the being out of work, respectively. Because the cut-off point of the MHI-5 for depression is generally placed at about 50 19) , people who are out of work are clearly more likely to be depressed. Table 2 shows the association between employment status and self-assessed health. The first three columns show the estimated results of Model 1, which includes household income as an explanatory variable. The crosssectional analysis shows a strong negative correlation between being out of work and self-assessed health. The random effects model, which assumes that unobserved individual effects are random, shows that being out of work has a negative effect on health. However, the fixed effects model shows that being out of work has no effect on selfassessed health. According to the statistical tests that the author conducted (Houseman, Breusch, and Pagan tests, and the F-test), the random effects model is more suitable than the cross-sectional model, while the fixed effects model is the most suitable of all. Therefore, the results of the fixed effects model are accepted. In every set of results, the effect of household income per capita on health is statistically significant and positive. This is consistent with previous research 26, 27) . In Model 2, which excludes household income, it is found that the effect of being out of work on health in the fixed effects model is significant and negative, likely because, in this model, being out of work includes the effect of income loss. Table 3 shows the relationship between employment status and mental health. The first column shows a strong correlation between being out of work and mental health. If an individual is not working, his MHI-5 score decreases by 12.0 points. The coefficients of being out of work are −8.6 and −4.7 in the random effects and the fixed effects models, respectively, and they are statistically significant. The last three columns present the results of Model 2, Industrial Health 2013, 51, 514-523 which do not control for household income. Surprisingly, the effect of being out of work on mental health is smaller in each equation, unlike the results for self-assessed health. A possible explanation for this is that the estimations for samples with and without household income differed. Furthermore, the sample containing only those with household income information is smaller than the sample containing all the respondents. Therefore, the effect of being out of work on mental health might be stronger in people suffering from serious psychological distress. Regardless of the estimation methods, it is found that being out of work has a negative effect on mental health, even when controlling for household income. Finally, Table 4 depicts the descriptive statistics for the sub-sample, and Tables 5 and 6 summarize the regression results for this sub-sample. Because the sub-sample does not contain people who had always or often been restricted in their housework or job because of health problems, the average self-assessed health and MHI-5 scores are higher than that of the whole sample.
Comparing Tables 2 and 5 , the coefficient for being out of work is much smaller in the sub-sample. In Model 1, only the results from the cross-sectional analysis show a statistically significant negative effect: after excluding people who had always or often been restricted in their housework or job due to health problems, a negative correlation between being out of work and self-assessed health is still observed. However, this effect disappears when the panel analysis is conducted.
In Table 6 , the coefficients of being out of work are all significant and negative. This implies that being out of work affects mental health even after excluding people who have had health problems that disturb their work and daily life, and even after controlling for individual heterogeneity and household income. In comparing the coefficients of being out of work in Tables 3 and 6 , it is noted that they are smaller in Table 6 in each model.
Discussion
Using the first through the fifth waves of the JLPS (whose first wave was conducted in 2007), a fixed effects model analyses found no effect of being out of work on selfassessed physical health. The reason for this finding could be that a stronger correlation arises from self-selectivity. That is, people who have poor health tend to be out of work. This is likely why negative associations between unemployment and self-assessed health have been extensively observed in cross-sectional research. Therefore, when individual heterogeneity is controlled for, the effect disappears.
However, the results from the model that excludes household income from the explanatory variables show a negative effect of being out of work on self-assessed Industrial Health 2013, 51, 514-523 physical health, even after controlling for individual heterogeneity. The different results between Models 1 and 2 pertain to the effects of income on self-assessed health, which are substantial according to the health inequality literature. In addition, employment status and household income are intrinsically linked. Therefore, if being out of work includes loss of income, the effect of being out of work on health should be statistically significant. Because Model 1 separates the effect of being out of work from the effect of income, it indicates that being out of work itself does not affect self-assessed physical health. Regarding the effect of being out of work on mental health as measured by the MHI-5, the fixed effects model analysis shows that being out of work has a negative effect on mental health. In addition, the effect of employment status is statistically significant even after controlling for income, which is not observed for self-assessed physical health. Thus, being out of work itself likely has a negative impact on mental health.
Comparing the descriptive statistics between the whole sample and the sub-sample, the MHI-5 scores among the being out of work significantly differ between these two groups. This implies that people who have limitations in their daily life due to health suffer more psychological distress from being out of work. The relationship between work limitations and mental health would be an important topic in future research.
Limitations
Although a fixed effects model analysis can eliminate the problem of self-selection bias, possible simultaneity problems remain-that is, in addition to the impact of being out of work on health, employment status often changes when health conditions change. An analysis using a sub-sample of people who had not been limited in their daily activities due to health reasons in the past month was conducted to mitigate the problem related to reverse causality. The results from the whole sample and from the sub-sample are consistent, but there is a clear difference in the magnitude of the coefficients of being out of work. This implies that health condition affects employment status and it is difficult to clearly distinguish the direction of causality even after controlling for individual heterogeneity that is constant over time. Thus, a more ecologically valid experiment, such as using data from plant closures, would be a more effective strategy for distinguishing the effect of being out of work or "unemployment" on health from the effect of health on employment status.
